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A System Dynamics Model for Simulating Ambulatory
Health Care Demands
Rafael Diaz, PhD;
Joshua G. Behr, PhD;
Mandar Tulpule, MS
Introduction: This article demonstrates the utility of the system dynamics approach to
model and simulate US demand for ambulatory health care service both for the general
population and for specific cohort subpopulations over the 5-year period, from 2003 to
2008. A system dynamics approach that is shown to meaningfully project demand for
services has implications for health resource planning and for generating knowledge
that is critical to assessing interventions.
Methods: The study uses a cohort-component method in combination with struc-
tural modeling to simulate ambulatory health care utilization. Data are drawn from the
National Ambulatory Medical Care Survey and the National Hospital Ambulatory
Medical Care Survey.
Results: The simulation of the total population requiring ambulatory services between
2003 and 2008 is performed to test the functionality and validate the model. Results
show a close agreement between the simulated and actual data; the percent error be-
tween the two is relatively low, 1.5% on average. In addition, simulations of purposively
selected population subsets are executed (men, 18Y24 years of age, white, African
American, Hispanic, and insurance coverage), resulting in error between simulated and
actual data, which is 7.05% on average.
Conclusions: The proposed model demonstrates that it is possible to represent and
mimic, with reasonable accuracy, the demand for health care services by the total
ambulatory population and the demand by selected population subsets. This model and
its simulation demonstrate how these techniques can be used to identify disparities
among population subsets and a vehicle to test the impact of health care interventions on
ambulatory utilization. A system dynamics approach may be a useful tool for policy and
strategic planners.
(Sim Healthcare 7:243Y250, 2012)
Key Words: Population modeling, system dynamics, health care resource planning.
T he demand for ambulatory health care services varies
across subgroups within the general US population. Vul-
nerable populations, particularly infants and senior citizens,
tend to use more ambulatory health care resources relative
to other population segments. Females relative to males also
use more ambulatory health care resources.1 There is also
variation in demand for ambulatory health care services
based on race, ethnicity, and insurance status.2Y8 The quality
of a health care system is measured, in part, by the flexibi-
lity of the supply side of the health care services, particularly
human resources, to respond to the demand for services.9
For example, emergency department waiting times and
throughput are associated with the availability of nursing
staff and administrative support personnel,10,11 and the fore-
casting of anesthesia workload in operating rooms may
require knowledge of the geographic area served by the
hospital.12
Strategic and operational planning of health care sys-
tems requires an understanding of general population dy-
namics. Public policy makers must craft policy in the context
of evolving populations,13,14 and health care institutions
must forecast demand in an effort to match supply.15 Al-
though estimating overall aggregate demand for ambulatory
services is useful, disaggregated projections are more desir-
able because they may illuminate the disparities in utiliza-
tion among population segments8,9 and as such may allow
planners to assess the impact of interventions on particular
patient subpopulations.
Population models may focus on the supply side, the
demand side, or some combination of both.9,16 Demand-
centric models forecast the size and needs of populations.
Supply-centric models predict future availability of the
health care workforce, which is itself influenced by broader
population changes because these trends affect the poten-
tial workforce entering into health care fields. Thus, popu-
lation trends not only influence the demand directly but
also affect the supply indirectly.17,18 Independent of the
model choice, population modeling is an inherent require-
ment for reasonable projection of health care needs.
Times series techniques are commonly used to forecast
population trends. These techniques have some limitations,
however. First, time series have difficulty capturing dynamic
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behavior of populations such as a reversal in the direction
of the death rate.15 Second, they assume a permanent limit
to the modeled variables. Third, time series have difficulty
assessing the impact of interventions or producing projec-
tions for specific subgroups.19 For example, several score
of permutations in population subgroups may be derived
from several variables such as sex, age, race, and ethnicity.
This article offers an instructive illustration of system
dynamics as an approach to assist in both resource and
intervention planning, which may be used in ambulatory
health care environments. The system dynamics approach,
grounded in control theory and the modern theory of non-
linear dynamics, is a modeling method to characterize the
behavior of complex systems over time.20 It involves cap-
turing the system behavior from feedback loops and time
delays. Both causal loop and stocks and flows diagram tools
help characterize how the system’s elements relate and in-
teract to one another.
The strength of system dynamics modeling is found
in the ability to capture the complexities associated with
structural components such as birth and death rates. System
dynamics is able to represent the complexities inherent in
the health care system due to subpopulations with diffe-
rent demands and can then project the ambulatory health
care utilization of these subpopulations. System dynamics
is an appropriate approach specifically because it is best able
to represent the dynamics that are inherent in the consi-
dered complex system. Relative to other, more traditional
approaches, such as linear regression, system dynamics is
more flexible in considering feedback effects and analyzing
the dynamic changes in behavior stemming from various
dissimilar sources.
HEALTH CARE AND POPULATION MODELING
There are various population models for health care
human resource planning and forecasting. O’Brien-Pallas
et al9 provide an accessible review of various modeling ap-
proaches used in forecasting human resource requirements
in health care. Other literature reviews include the works
of Willekens,21 Wilson and Phil,22 Booth,23 and O’Neill
et al.15 Often, frameworks use a manpower-to-population
projection ratio.9,18,24 Some frameworks focus on deter-
mining availability and characteristics of the workforce9 in
addition to projecting manpower beyond that which is re-
quired to obtain a given service level.18 Roberfroid et al18
propose a framework that simultaneously considers both
the demand and the supply. Dubois et al17 consider supply
and demand in the context of globalization. Birch et al13
model health care demand as needs rather than simply
utilization. They used a time horizon of 40 years to pro-
ject the number of registered nurse needed. These authors
remark that, on one hand, the aging population is increasing
the demand for health care whereas, on the other hand,
a shrinking working class is putting pressure on workforce
availability. Thus, demographic trends not only influence
the demand directly but also affect the supply indirectly. This
reinforces the need for modeling efforts to represent the
dynamics of demographic components.18
COHORT COMPONENT MODELING AND
STRUCTURAL MODELING
Two techniques for population modeling central to
this article include the cohort-component and structural
models. Other methods for population projection include
common time series approaches that extrapolate past change
processes15,23 and microsimulation methods analogous to
sampling methods.22
The cohort-component method relies on dividing the sub-
ject population into groups based on primary characteristics,
particularly age and sex.15,25Y29 Multistate cohort-component
methods extend this to include other demographic features
such as educational and marital status. Cohort-component
modeling mathematically expresses in a set linear equations
the future age distribution of a population given the pres-
ent age distribution.30 In this article, each equation expresses
the number of people advancing to another age group as
a product of the present population and the probability of
survival. The summation of offspring produced in each
age group multiplied by the probability of their survival
serves as the input to the first age group. Cohort-component
methods may draw on vital birth and death records and
analysis of past forecasting errors or rely on less tangible
‘‘expert opinion.’’15,22,31 Nonetheless, establishing the sizes
of the initial stocks is critical sources of uncertainty in
this type of model.
Structural models, such as system dynamics models,
place an emphasis on characterizing the casual relationships
between birth and death rates (and other socioeconomic
factors) to explain demographic trends. An overview of struc-
tural models is given by Sanderson.32 Within the simula-
tion field, the regarded works of Meadows et al,33 drawing
heavily on the study of Forrester34; Mohapatra et al35; and
Azeem Qureshi36 involve system dynamics modeling, a
form of structural modeling, for population growth and hu-
manresource planning. Cohen37 argues that projection of
birth and deaths is difficult; population models are inher-
ently complex, and longer-term forecasts may be quite sen-
sitive to early assumptions and perturbations. The rates of
birth and death over time, for example, may have a seasonal
or cyclical component due to broader cultural or economic
shifts. In addition, immigration may impact both demand
for and supply of health care services. In addition, some
models either do not have theoretical underpinnings or are
not informed by real-world data.38
METHODOLOGICAL FRAMEWORK
The system dynamics framework acknowledges the com-
plex interactions among many feedback loops, accounts for
linear and nonlinear cause-and-effect relationship, and con-
siders the potential impact of effects on causes. We follow a
general modeling methodology widely used and proposed by
Sterman20: (1) specify the ambulatory population model, (2)
identify theory that girds the model, (3) test the dynamic
hypotheses by way of simulation, (4) analyze the impact of
health care interventions that influence on system behavior,
and (5) further calibrating and test the model. The ambu-
latory population model is first conceptually illustrated by
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way of a causal loop diagram that captures, at a high level,
the relationships among all variables within a single diagram.
After this, a more formalized stock and flow model is speci-
fied. The stock and flow model embeds equations that spec-
ify the rate of population flow to and from a stock that
accumulates the population (due to space limitations, the
stock and flow models are not included in this article). Tests
used to validate the proposed population model include the
dimensional consistency and parameter assessment analysis,
which are automatically executed by the simulation software.
Once the stock and flow model is built, the model is
executed, or simulated, to obtain results of system behavior
over time. The main goal of generating these initial simu-
lations results is to compare the simulated behavior of the
modeled system with known real-world trend lines. These
trend lines, of course, are the behavior of the real-world
system. An affinity between simulated behavior over time
and known real-world behavior overtime suggests that
the model is an approximation of the real-world system.
The model’s parameters are further calibrated to generate
simulated behavior that more closely mimics the real be-
havior. Once a model adequately reflects the real-world
system, the model can be subjected to theorized interven-
tions, or perturbations, intended to see how the simulated
behavior changes under these altered constraints.
THE MODEL
The model in this study is similar to an aging chain
whence, after birth, each person progresses from child-
hood (first stock) to old age (last stock) unless the individual
dies and leaves the system. The rate of stock inflow is de-
termined by the lower bound of the range of that stock,
whereas the rate of outflow is determined by the upper
bound of the range of that stock. For example, individ-
uals must be 18 years of age to flow into the stock of 18- to
24-year-olds, whereas individuals exiting this stock must
complete 25 years.
‘‘Total population’’ is decomposed into the 7 cohorts:
G18, 18 to 24, 25 to 34, 35 to 44, 45 to 54, 55 to 64, and
964 years of age. The 3 major population groups included
are native citizens, naturalized citizens, and noncitizens.
Native citizens consist of those born in the United States,
naturalized citizens consist of those not born in the United
States but are residents who are naturalized into US citi-
zenship, and noncitizens consist of temporary residents who
reside in the United States (eg, temporary workers, depen-
dents of temporary workers, students, business visitors, dip-
lomats, and undocumented residents).
The 2 central objects of interest within this research
are the total ambulatory health care demand and the total
population. Figure 1 exhibits the causal loop diagram for the
integration of cohorts within the 2 primary coupled models
(ie, utilization model and population model). ‘‘Health care
demand for cohort 1’’ is logically the product of the size of
the population within cohort 1 (noted as stemming from
‘‘population model for cohort 1’’) and the demand for
ambulatory health care services (noted as stemming from
‘‘utilization model for cohort 1’’). In similar fashion, ‘‘health
care demand for cohort n’’ is the product of the population
size and utilization for cohorts other than cohort 1. ‘‘Total
health care demand’’ is the summation of the ambulatory
health care demand from all cohorts. Finally, total popula-
tion is the summation of the population for all cohorts.
Figure 2 illustrates the general utilization model for an
unspecified cohort. The object of interest within this causal
model is the ambulatory demand for health care services
(noted as ‘‘health care services demand of the cohort’’). This
FIGURE 1. Casual loop diagram for the integration of cohorts
within the utilization model and the population model.
FIGURE 2. Casual loop diagram for the utilization model for an unspecified cohort.
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demand for health care services stems, in part, from popu-
lation characteristics that help give definition to the variation
in health care utilization among the cohort groups. ‘‘Age,’’
‘‘race/ethnicity,’’ and ‘‘sex’’ contribute to ‘‘demographic char-
acteristics of the cohort,’’ whereas ‘‘education,’’ ‘‘income,’’
‘‘lifestyle choices,’’ and ‘‘insurance’’ contribute to ‘‘other char-
acteristics of the cohort.’’ In conjunction with the utiliza-
tion, the demand for ambulatory health care services is also
a product of the size of the cohort’s population, which is
treated in the next model.
Figure 3 illustrates the general population model for an
unspecified cohort. Notice that, too, the object of interest
is the same ambulatory demand for health care services
(similarly noted as health care services demand of the co-
hort). In addition to utilization (discussed previously), the
total demand for health care services within a cohort is a
function of the size of the population within that cohort
(ie, ‘‘total population of cohort’’). A cohort’s population is
the summation of the ‘‘native citizens,’’ ‘‘naturalized citi-
zens,’’ and ‘‘noncitizens.’’ Naturally, native citizens, natu-
ralized citizens, and noncitizens are impacted by a ‘‘death
rate.’’ The ‘‘birth rate’’ contributes to the size of the native
citizen population, whereas ‘‘emigration,’’ spurred by ‘‘eco-
nomic growth,’’ contributes to the size of the noncitizen
population. Economic growth also fuels the path to per-
manent residency and the size of the naturalized citizen
population. Some of the noncitizen population may even-
tually gain permanent residency, whereas some others may
choose to depart from the United States on a permanent
basis. The concept that deals with the number of people ad-
vancing to the next age group as a product of the present
population and the probability that these individuals will
live through the interval is captured by ‘‘age distribution of
the population.’’ The age distribution of the population
depends on the birth rates and the death rates of the native
population. The people of any age group may immigrate or
be naturalized, which adds another factor to the age distri-
bution of the overall population.
DATA RETRIEVAL AND INPUT MODELING
Numerous formulations in system dynamics simula-
tion models involve nonlinear functions. Occasionally, these
functions are specified analytically (ie, mathematical ex-
pressions generated from regression analysis to serve as in-
put to the model). However, more frequently, nonlinear
relations are captured and portrayed using table functions.
These relations are conceived as tables of values for the in-
dependent and dependent variables.20 Linear interpolation
is used for values between the specified points in which
information and values for linear and nonlinear relation-
ships are specified. Some inputs are drawn from looking up
tables; and some, from defining the mathematical expres-
sion by way of statistical tools.
The model uses real birth and death data from the
National Center for Health Statistics, Centers for Disease
Control and Prevention,39 for progression rates among co-
hort groups. Data on office-based primary care physicians
were obtained from the National Ambulatory Medical Care
Survey (NAMCS), which is based on a sample of visits to
nonfederal-employed office-based physicians who are prin-
cipally involved in direct patient care activities. Utilization
and provision data for ambulatory care services in hospital
emergency and outpatient departments were obtained from
the National Hospital Ambulatory Medical Care Survey
(NHAMCS). Similar to the NAMCS data, the NHAMCS
data are rooted in a national sample of visits to emergency
departments and outpatient departments of noninstitu-
tional general and short-stay hospitals. Both surveys were
provided by the Centers for Disease Control and Preven-
tion.40 The birth data used in the model construction were
obtained from the Centers for Disease Control and Pre-
vention, Vital Statistics of the United States.41 The average
death rate data for each age group were obtained from the
Centers for Disease Control and Prevention39 and used to
model the outflow rate due to death for each age group.
Because the focus of this article is ambulatory care, only
considered are emergency department visits that did not
FIGURE 3. Casual loop diagram for the population model for an unspecified cohort.
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result in hospital admission. Those that show no third-
party payer (ie, self-pay, no charge, or charity) are classified
as ‘‘uninsured,’’ and those that show third-party payer
(ie, private insurance) are classified as ‘‘insured.’’42 Other
methods of remittance for services such as Medicare and
Medicaid are excluded. Population data were obtained from
the Current Population Survey (CPS) conducted by the US
Census Bureau (2011). Together, these data sources allow
us to calculate the average, per person ambulatory visit rate.
The analysis is performed using SAS 9.2 software as per
guidelines given by Nawar.43 The per capita visit rates for
years 2003 to 2008 are obtained from the statistical analy-
sis of the NAMCS/NHAMCS data. The statistical analysis
resulted in the estimation of the mean and the SD of the per
capita visit rate for each race and each year under consid-
eration. A sample of per capita visit rate is obtained for each
cohort under consideration using these parameters and as-
suming normality. These samples are then used as inputs to
the simulation model such that estimates of total visits for
ambulatory care per year by each cohort can be produced.
Several studies that deal with the per capita visit rate have
shown the extent to which these means and SDs are stable
over decades. For example, Stoddard et al44 analyzed health
insurance status and ambulatory care for children, Lieu
et al45 analyzed race and access to ambulatory care among
US adolescents, and Kaufman et al46 considered patterns of
medication use in the ambulatory adult population.
The naturalized citizen population corresponds to peo-
ple who were not born in the United States but gained US
citizenship at a later point. The model for naturalized citi-
zens is similar to that of native citizens. However, the 2 ways
in which inflows in stocks occur are either through the aging
of the younger population or through new naturalizations.
As for the native citizens, the outflows in each stock occur
through death or aging out. The same death rates used for
native citizens are assumed for the naturalized citizens. The
data for the number of naturalized by year and age are
obtained from the Office of Immigration Statistics within
the Department of Homeland Security.47 The initial stocks
for naturalized citizens by year and age are obtained from
the CPS within the US Census Bureau.48
The noncitizen population includes people who are not
US citizens but may be permanent. The mechanics of this
representation is similar to the characterizations used earlier
with different inflows and outflows. The initial stock data
for noncitizens by age and year are obtained from the Cen-
sus Bureau CPS.48 Permanent residence corresponds to the
main inflow for this stock. The data for permanent residency
granted each year by age are obtained from the Office of
Immigration Statistics within the Department of Homeland
Security.47 The flow of temporary visa holders is the second
inflow. These data are obtained from the Yearbook of Im-
migration Statistics within the Department of Homeland
Security.49 A compensation factor of 85% is assumed to
convert the arrival events into inflow information because
these data represent arrivals and not individuals.
The next inflow is that of undocumented immigrants.
Although estimates of the stock are available, information
regarding inflow and outflow is not available. However,
inflows and outflows of undocumented populations have
been strongly associated with the US economic business
cycles.50 A regression analysis is performed between the
change in the undocumented population and the gross do-
mestic product (GDP). Analysis with available data shows
that the year-over-year change in stock of these populations
is highly correlated (R2 = 0.91) to the GDP and is significant
(P G 0.05 and F = 19.80). A regression relation is established
between the change in stock and the GDP as follows: change
in the stock of undocumented immigrants = j101,134 +
322,268  GDP.
Similar to the native and naturalized citizen outflows,
the main outflows from this stock are due to death. This
outflow is based on the death rates for different age groups.
A second outflow is the outflow due to naturalization of
noncitizens, which is modeled from the data used previously.
Last, the third outflow consists of temporary visitors who
depart the nation after finishing their business or completing
their stay.
RESULTS
The model was executed for a 5-year period (2003Y2008)
with initial values beginning in 2003, thus generating a
simulated 5-year projection of the total population requiring
ambulatory services. Because we have real-world data for
the demand for ambulatory services over this same period, we
can compare the simulated data generated by our constructed









2003 288,280,000 288,197,000 j0.03
2004 291,166,000 291,272,000 0.04
2005 293,834,000 294,663,000 0.28
2006 296,824,000 298,005,000 0.40
2007 299,106,000 301,132,000 0.68
2008 301,483,000 303,827,000 0.77
Table 2. Ratio of Cohort Population to Total Population in the Age Group of 18 to 24 Years
Year Insured Whites Insured African Americans Insured Hispanics Uninsured Whites Uninsured African Americans Uninsured Hispanics
2003 0.43797 0.06110 0.06818 0.13794 0.04367 0.08974
2004 0.43031 0.06634 0.06345 0.13978 0.04370 0.09047
2005 0.42768 0.06791 0.06319 0.14082 0.04613 0.08740
2006 0.42919 0.06534 0.06432 0.13427 0.04749 0.09136
2007 0.42887 0.06511 0.06694 0.13455 0.04448 0.08310
2008 0.42324 0.06111 0.06947 0.13880 0.04716 0.07934
Vol. 7, Number 4, August 2012 * 2012 Society for Simulation in Healthcare 247
Copyright © 2012 by the Society for Simulation in Healthcare. Unauthorized reproduction of this article is prohibited.
model with the real-world data. Validation of a model as a
useful portrayal of the system’s demand dynamics rests in
part on the degree of congruence between the 2 trend lines.
Further calibration of the model can be executed to refine the
simulated behavior to more closely fit the actual data; it is
possible o manually modify model parameters to achieve a
better fit. Table 1 presents the population values from actual
and simulated data for this period and the percent errors.
Results show close agreement between the simulated
and actual data. The percent error between the two is rela-
tively low, 1.5% on average, with a decline in agreement
between actual and generated data as time progresses. To
verify our findings, performed was a regression analysis be-
tween simulated and real-world data, showing a high level of
agreement [ie, R2 = 0.98, P G 0.001 (significant)].
Analysis of population subsets can be performed to
further demonstrate the accuracy of the model. Six popu-
lation cohorts have been purposively selected, including age,
race/ethnicity, and insurance coverage. The actual values
for these subgroups are taken from Census Bureau CPS.48
The population model has been articulated for the entire
broader population; this model is not specifically built for
the purposively selected cohorts. However, cohorts are eas-
ily derived by developing ratios of the cohort of interest to
the total population for that group. For example, for 18- to
24-year subgroup, the ratio is obtained by using the CPS.
Table 2 displays these ratios. Per capita ambulatory health
care utilization by cohort category is then obtained. Table 3
shows the results for the per capita utilization output using
the NAMCS and the NHAMCS databases as part of the
utilization model.
These results confirm that, among insured 18- to 24-year-
olds, the race/ethnicity that uses ambulatory health care the
most is white non-Hispanics whereas, in contrast, Hispanics
are the least likely to use ambulatory health care. A similar
pattern of behavior is also observed for the uninsured.
The actual and simulated volumes of ambulatory visits
are presented in Table 4. For raw volume, non-Hispanic
whites represent the largest insured group that visited am-
bulatory centers followed by the African Americans and then
by the Hispanics. For the uninsured population, however,
Hispanic ambulatory utilization exceeds that of African
Americans. In addition, the simulated volume of visits closely
resembles the actual data. The percentage deviates between
actual and simulated data as presented in Table 5.
The relatively minor gaps between the actual and sim-
ulated data indicate that the model is capable of reliably
imitating the behavior of the number of visits for the selected
cohorts. The largest gap corresponds to insured African
Americans for the year 2006, whereas the smallest error is
found in the uninsured non-Hispanic white population for
the year 2005. A regression analysis, summarized in Table 6,
was performed to verify the level of agreement between the
simulated and actual data for this cohort. Initially, 4 of the
6 agreements are significant (non-Hispanic insured and
African American insured are not significant), but a recali-
bration process was able to further refine the simulated
behavior, presented in Table 7, through optimization pro-
cedures that selected parameters and identified the near-best
fit. A postadjustment regression analysis demonstrates an R2
of 0.79 (significant, P = 0.014) for the non-Hispanic insured
cohort and an R2 of 0.84 (significant, P = 0.005) for the
African American insured.
CONCLUSIONS
This article has presented simulated ambulatory health
care demand trend data for the years 2003 to 2008 by way
of a system dynamics modeling approach. The model has
a cohort-component structure to it, whereas the overall
framework is similar to the structural method. This study
chose to differ from most structural models by using
Table 3. Per Capita Ambulatory Health Care Utilization by Cohort Category
Year Insured Whites Insured African Americans Insured Hispanics Uninsured Whites Uninsured African Americans Uninsured Hispanics
2003 2.366 2.125 1.508 1.294 1.248 0.686
2004 2.393 1.827 1.871 1.492 1.186 0.741
2005 2.399 1.939 1.746 1.279 0.852 0.577
2006 2.275 1.701 1.984 1.330 1.354 0.786
2007 2.449 2.137 2.089 1.363 1.490 0.778
2008 2.224 2.057 2.454 1.161 1.376 0.955
Table 4. Actual and Simulated Volume of Ambulatory Visits for the Studied Cohorts (in Thousands)
Year














2003 28,827,957 28,165,900 4,967,318 4,888,410 3,612,982 4,027,630 1,516,638 1,533,180 2,860,848 2,555,220 1,712,689 1,577,820
2004 28,837,078 26,502,600 5,841,760 6,264,030 3,395,064 3,182,200 1,451,839 1,487,880 3,325,070 3,053,010 1,876,996 1,992,190
2005 28,689,054 30,046,700 5,035,339 4,757,370 3,682,571 3,317,090 1,099,412 964,160 3,085,986 3,332,200 1,409,890 1,341,150
2006 27,738,803 23,345,200 5,073,794 5,424,800 3,156,152 3,274,500 1,826,155 1,572,730 3,624,597 3,956,230 2,039,043 1,986,560
2007 29,823,606 28,159,800 5,207,840 5,640,970 3,951,549 3,853,230 1,882,467 2,182,690 3,971,304 3,693,020 1,837,164 1,603,980
2008 27,009,499 25,484,000 4,623,786 4,646,210 3,606,091 3,750,610 1,861,653 1,880,790 4,891,803 5,255,540 2,172,536 2,437,970
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actual data and empirical relationships. These efforts
squarely address some of the criticism of structural models.
The results show a close match between simulated and
actual values.
In addition to overall utilization projections, an example
of simulating a specific subgroup was developed and pre-
sented. The population cohorts of this example include men,
18 to 24 years of age, white, African American, and Hispanic,
and insurance coverage. Per capita ambulatory health care
utilization is estimated. Ratios of population size of each
cohort to the respective total population are determined
using the CPS. The results show acceptable levels of adher-
ence between simulated and actual values and, thus, con-
firm that it is feasible to model, with reasonable accuracy,
the ambulatory health care utilization of specific popula-
tion subgroups. It also provides a mechanism to assist in
the identification of disparities among groups within the
broader populations.
This study makes several contributions. First, this re-
search extends the relatively limited literature on the ap-
plication of system dynamics to model critical components
of the ambulatory health care system. It is asserted that de-
cision makers have to consider a large number of factors and
interdependencies that are critical for the performance and
sustainability of the health care system. A system dynamics
approach offers a logical and intuitive modeling and simu-
lation process that captures these complexities.
Second, the system dynamics framework used to de-
velop the population model presented in this article provides
an alternative demand estimation method that explicitly
considers interdependencies and feedback loops and the
demographic composition and trends of the demand for am-
bulatory health care services in the United States. As com-
plex enterprises, ambulatory health care institutions value
responsiveness for throughput while assuring the safe de-
livery of quality medical care. Identifying an optimal balance
among the competing forces of cost, responsiveness, and
quality care in the context of evolving demand by varied
patient populations requires tools and approaches that are
able to mimic the reality of the system. This provides health
care managers flexibility in the exploration of trade offs
among proposed solutions.
Next, an understanding of the influence of different
demographic groups on the demand for ambulatory ser-
vices is essential to the planning for the supply of health
care personnel. The results obtained in this article suggest
the possibility of quantifying solution configurations based
on multiple and dissimilar resources and the relationships
among the different components. Using a modeling ap-
proach rooted on acknowledging the evolving composition
of the population makes possible a more holistic under-
standing of the forces that create demand for resources.
Last, the model holds the potential to extend a further
exploration of the dynamic interactions of other interven-
tions. Thus, it enables a better understanding of how a mix of
potential interventions affects the supply and the demand.
In addition, the explicit analysis of these interventions can
be used as input for sensitivity and elasticity of each inter-
vention relative to both the patient population and the
resources used to the deliver health care services.
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